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Abstract  
This article examines the environmental productivity in the Mediterranean countries over the period 2009–
2014.We use the Malmquist–Luenberger productivity index that can handle undesirable outputs within data 
envelopment analysis approach. We decompose the index into technical efficiency, technological change, and 
scale efficiency change to determine the source of productivity changes. Empirical findings indicate that the 
total factor environmental productivity in the Mediterranean countries have a negative developmental trend. 
Furthermore, we find that technological progress is the main source of productivity growth. Finally, 
Mediterranean countries need a considerable effort on research and development to optimize the potential for 
technical development and enhance the environmental efficiency levels. 
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Introduction  
Nowadays, with the fast development of emerging economies and the exponential increase in energy 
consumption, the achievement of economic welfare and sustainable development have become central focuses 
in the world because energy consumption is strongly related to greenhouse gas emissions. Therefore, the 
question of energy efficiency has become a popular international topic. 
In order to monitor energy efficiency trends and compare the performance of energy efficiency across 
countries, several methods have been developed. These methods are usually classified as parametric and 
nonparametric ones (Zhou et al., 2012). In the parametric methods such as Stochastic frontier analysis, a cost 
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or production function is estimated. In the nonparametric methods such as data envelopment analysis (DEA), 
it is not necessary to estimate the cost or production function. Frontier methods are beneficial in terms of 
allowing comparisons with the best observed performance by constructing a best practice frontier based on 
empirical data. From the existing frontier methods, DEA is often used in energy efficiency studies due to its 
greater flexibility to handle multiple inputs and outputs (Mardani et al., 2016). 
As mentioned by Aziz et al. (2013), the DEA technique evaluates the relative efficiency of a homogeneous set 
of decision-making units (DMUs) in their use of multiple inputs to produce multiple outputs using linear 
programming. Conventional DEA models assume that output indicators are good (desirable), they are 
measured on a scale for which the highest values correspond to better performance. Meanwhile, in the energy 
field, both desirable and undesirable outputs indicators may be present. CO2 emissions can be generated by 
the energy conversion of fossil fuels. In this case, the efficiency of a specific DMU is defined as being better 
than that of others if it produces more desirable outputs and fewer undesirable outputs given the same 
amount of inputs, Chiu (2012) assigned this definition to the environmental efficiency. In this regard, several 
approaches have been offered to handle undesirable outputs into DEA such as the directional distance 
function (DDF). It is firstly developed by Chambers (1996) and then extended by Chung et al. (1997) to 
incorporate undesirable outputs in the model. The advantage of the DDF method is that it allows expanding 
desirable outputs while contracting the undesirable outputs. For this reason, the application of DDF is 
popular than the other approaches. In addition, it is widely applied in energy efficiency analysis as mentioned 
in  N. Zhang and Choi (2014). 
According to Jebali et al. (2017), several studies have been conducted in the literature to assess environmental 
efficiency across regions or countries. However, this issue has never been discussed in the context of 
Mediterranean countries despite the fact that these countries will encounter several environmental problems 
in the future. In this regard, Giorgi (2006), De Durrieu et al. (2011), and Diffenbaugh and Giorgi (2012) 
pointed out that the Mediterranean region will be notably affected by climate change. Furthermore, according 
to the European Investment Bank (2008), in 2025 the CO2 emissions due to energy use will be twice as high 
as they were in 1990. Consequently, a main question arises: Are Mediterranean countries in the way of 
reducing CO2 emissions and producing more economic output? 
To answer the above question, it is necessary to study the environmental productivity in the Mediterranean 
countries. According to Kaneko and Managi (2004), environmental productivity is defined as the most 
efficient utilization of pollution abatement technologies. In other words, the environmental productivity 
analyzes a country’s efficiency in its use of energy and its impact on the environment such as greenhouse gas 
emissions. In addition, Kaneko and Managi reported that productivity improvement can play an important 
role in addressing environmental problems. Therefore, the purpose of our study is to assess the environmental 
productivity in the Mediterranean countries. 
To measure productivity, several indices have been proposed in the literature. The most well-known index is 
the Malmquist productivity index (MPI) which is initially defined by Malmquist (1953), then developed by 
Caves et al. (1982). Despite the fact that the MPI offers a more complete picture of productivity growth as 
pointed out by Boussemart et al. (2003), it does not consider the undesirable outputs. To overcome this issue, 
Chung et al. (1997) developed the Malmquist–Luenberger productivity index (MLPI) based on DDFs that 
takes into consideration simultaneously the desirable and undesirable outputs. The MLPI has been widely 
used in environmental productivity studies (e.g., Arabi et al., 2017; Bampatsou & Halkos, 2018; Jeon & 
Sickles, 2004; Kumar, 2006; Li et al., 2018; Liu et al., 2018; Monastyrenko, 2017; Munisamy & Arabi, 2015; 
Shen et al., 2019; Song et al., 2017; Wang et al., 2013; Wei et al., 2019; Yörük & Zaim, 2005; C. Zhang et al., 
2011). In this article, we use the MPLI to evaluate the total factor environmental productivity in the 
Mediterranean countries from 2009 to 2014.  
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Usually, as the MPI, the MLPI is decomposed into efficiency change (EFFCH) and technological efficiency 
change (TECH) to identify the source of productivity change. In this article, we extend the Ray and Desli 
(1997) MPI decomposition into the MLPI to pick up the effect of scale efficiency on productivity change. 
To the best of our knowledge, there has been no study that has examined the environmental productivity in 
the context of Mediterranean countries. Hence, our article is intended to fill this gap. This study is the first 
one examining environmental productivity in the Mediterranean countries in a quantitative manner. The 
previous studies associated to environmental issues in these countries include the work of Vilén and 
Fernandes (2011), Garcia-Hurtado et al. (2013), Sanz-Cobena et al. (2014), Fernando et al. (2017), Zrelli 
(2017), Kahouli (2018), and Mbarek et al. (2018), among others. 
Methodology 
Assume that there are 1,...,j n  DMUs over 1,...,t T  time periods. Each DMU uses the input vector 
t mx   to jointly obtain a set of desirable outputs denoted by the vector 
t sy  and a set of undesirable 
outputs denoted by the vector 
t bu  .The production technology can be expressed as follows: 
  , , :t t t t t t tx y u x can produce y and  u      (1) 
Some key assumptions are required when modeling production technology: First the undesirable outputs are 
weakly disposable (N. Zhang, Bing, & Zhongfei, 2016; N. Zhang, Bing, Zhu, 2016). This assumption states that 
the reduction of undesirable outputs would incur a reduction in desirable outputs. Second, the desirable 
outputs are freely disposable. Third, the desirable outputs are null joint with the undesirable ones (Oh, 2010). 
This implies that desirable outputs cannot be produced without the production of undesirable output as well. 
For two consecutive time periods, t1 and t2 consider the output oriented DDF observed at period t, which can 
be either t1 or t2 but evaluated with respect to technology t1, as follows: 
    1 1 1 2, , ; max , , , ,t tt t t t t ty uD x y u g x y g u g t t t      
   (2) 
where  ,y ug g g  is the vector of the directions in which the desirable and undesirable outputs should be 
scaled. In Equation 2,   represents the scaling factor by which desirable outputs are increased while 
undesirable outputs are decreased. The DDF denoted 2
t
D  with respect to period t2 is defined in a similar way. 
The true DDF must be estimated from the available data because it cannot be directly observed. To do so, we 
use the DEA method to estimate it. See Jebali et al. (2017) for further discussion on the DEA technique. 
Considering the dataset as   , , , 1,..., ,t t tj j jx y u j n  we use DEA to envelop data to estimate the production 
sets and to examine the efficiency of DMUs (Mediterranean countries). Under the constant returns to scale 
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(3) 
Under the variable returns to scale (VRS) assumption with respect to time period t, the empirical production 
possibility set is expressed as follows: 
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(4) 
For a given set of the technology at period t1, the estimator of the DDF, under k= CRS or VRS scale 
assumptions, for an arbitrary DMU0 observed at period t, is defined by 
    1 10 0 0 0 0 0 0 0ˆ ˆ, , ; max , , , ,kt tt t t t t t t t kD x y u g x y y u u k CRS VRS      
 
and 
2,1t=t t    (1) 
The estimator 2ˆ k
t
D  is obtained by substituting t1 by t2 in Equation 5. In order to assess the environmental 
productivity across Mediterranean countries, we use the output oriented MLPI defined by Chung et al. (1997) 
based on DDF to account for undesirable outputs. The MLPI measures the productivity changes between two 
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     (5)  
Similar to the MPI, the MLPI can be decomposed into three components: EFFCH, TECH, and scale efficiency 
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 (8)  
The product of the above components equals  1 1 1 2 2 2, , , , ,t t t t t tMLPI x y u x y u .  
The first component, defined in Equation 7, measures the TECH between t1 and t2 with respect to a variable 
returns to scale technology. It captures how close a DMU (country) moves toward a contemporaneous 
benchmark technology at time period t2 compared to time period t1. An 1 ( 1)EFFCH     corresponds to 
efficiency gain (loss). The second component, in Equation 8, is the geometric mean of technological change 
over the same period. If a contemporaneous benchmark technology frontier shifts in the direction of more 
(less) desirable outputs and less (more) undesirable outputs, then 1 ( 1)TECH  .  The last component, 
  
Jebali & Essid, 2020 
 
 
International Journal of Applied Management and Technology 66 
 
defined in Equation 9, measures the contribution of the returns to scale to the productivity change between t1 
and t2. An improvement in productivity between t1 and t2 is marked by 1MLPI  and a decrease in 
productivity between t1 and t2 by 1MLPI  . If 1MLPI  , then the productivity is constant. 
The calculation of the MLPI requires the calculation of distance functions. The DDFs are computed as the 
solutions to linear programming (LP) problems. Eight problems must be solved for each observation. Four 
problems are solved in which all the observations are from the same period (t1 and t2, respectively) under both 
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    (10) 
 2 2 2 20 0 0ˆ , ,t t t tcrsD x y u
 
and  2 2 2 20 0 0ˆ , ,t t t tvrsD x y u are obtained in the same way by substituting t1 by t2 in Problems 10 
and 11, respectively. 
The other four problems are mixed period ones under both return to scale assumptions (CRS and VRS). The 
DDF for DMU0 at period t2 using period t1 technology under the crs assumption can be calculated by solving 
the following LP problem: 
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1,...,  j n
    (12) 
 2 1 1 10 0 0ˆ , ,t t t tcrsD x y u
 
and  2 1 1 10 0 0ˆ , ,t t t tvrsD x y u  are obtained in the same way by substituting t1 by t2 in Problems 12 
and 13, respectively. 
Data 
The input variables include energy consumption (petajoules), labor force (thousand people), and gross fixed 
capital formation (GFCF; billion USD). The Gross Domestic Product (GDP; billion USD) is the good 
(desirable) output while a CO2 emission (kt) is the undesirable output. GFCF and GDP are measured in 
purchasing power parity. Data on energy consumption during the period 2009–2014 are gathered from the 
2012 and 2014 energy statistics yearbooks. The energy statistics yearbook is a collection of international 
energy statistics developed annually by the United Nations Statistics Division. The statistics cover production, 
trade, transformation, and final consumption (end-use) for a range of primary and secondary energy products 
derived from conventional and non-conventional or renewable energy sources. Data on labor force, GFCF, 
GDP, and CO2 emissions are collected from the World Development Indicators, which presents the most 
current and accurate global development data available, and includes national, regional, and global estimates.  
Descriptive statistics on inputs and outputs from 2009 to 2014 are shown in Table 1. 
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Table 1. Descriptive Statistics of Inputs and Outputs (2009–2014) 
Variable M SD Min Max 
Energy consumption 1,112.61 1,682.65 15 6674 
GFCF 93.29351 142.9408 2.1123 576.0790 
Labor 8,223.82 9,991.42 172.3560 30,183.77 
GDP 434.4910 679.6957 10.6540 2,583.31 
CO2 emissions 87,905.09 113,785.59 28.8300 405,361.20 
Note. GFCF = gross fixed capital formation; GDP = Gross Domestic Product. 
Results and Discussions 
In this study, we use the MLPI to assess environmental productivity in the Mediterranean countries over the 
period 2009–2014. As mentioned by Du et al. (2018), the main limitation of MLPI is the infeasibility problem 
in computing the cross-period DDFs. Therefore, all results given in this section are computed for countries 
with feasible solution. 
Figures below display the productivity index as well as its components for each period. We begin by Figure 1 
which shows that the highest growth rate was 8.07% and was recorded by Croatia. This productivity growth 
was due to 9.37% technical efficiency gain and 0.02% scale efficiency gain. However, Albania recorded the 
worst productivity rate (3.62%). 
 
Figure 1. Malmquist–Luenberger Productivity Index and Its Components Over 2009–2010. EFFCH = 
efficiency change; TECH = technical change; SECH = scale efficiency change. 
 
Figure 2 indicates that five countries out of 10 (with feasible solution) have shown productivity gains and five 
have shown productivity losses. The greatest productivity gain was recorded by Slovenia (7.21%). This growth 
was the result of technical efficiency gain of the order of 2.83% and technological gain of the order of 4.33%. 
The worst productivity rate was recorded by Israel (6.46%). This environmental productivity deterioration 
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Figure 2. Malmquist–Luenberger Productivity Index and Its Components Over 2010–2011. 
EFFCH = efficiency change; TECH = technical change; SECH = scale efficiency change. 
Figure 3 depicts that seven countries out of nine were characterized by increased productivity between 2011 
and 2012 where Albania recorded the highest productivity gain of the order of 10.53%. Technical efficiency 
gain contributed to this productivity growth by 10.77% while technological improvement contributed by 
0.78%.  
 
Figure 3. Malmquist–Luenberger Productivity Index and Its Components Over 2011–2012. 
EFFCH = efficiency change; TECH = technical change; SECH = scale efficiency change. 
Figure 4 shows that eight countries out of nine experienced environmental productivity gain. The highest 
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Figure 4. Malmquist–Luenberger Productivity Index and Its Components Over 2012–2013. 
EFFCH = efficiency change; TECH = technical change; SECH = scale efficiency change. 
Finally, Figure 5 shows that only two countries (Serbia and Israel) out of 10 are characterized by increased 
environmental productivity. Syria recorded productivity deterioration of the order of 25.62% with a technical 
efficiency regress of 26.19%. 
 
Figure 5. Malmquist–Luenberger Productivity Index and Its Components Over 2013–2014. 
EFFCH = efficiency change; TECH = technical change; SECH = scale efficiency change. 
Results suggest that Mediterranean countries performed an effort to enhance their productivity levels from a 
period to another. However, in the last period of study several countries witnessed environmental productivity 
deterioration. In fact, CO2 emissions reduction in the Mediterranean remains a critical issue. Initiatives 
undertaken in favor of carbon constraint need to be supported and smartly organized to maintain the 
momentum of reduction policies launched in northern and southern countries to take measures.  
Table 2 reports the results of the average productivity. This table shows that the environmental productivity of 
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main source of productivity growth in these countries is the technical component, which increased by almost 
4.07% while the EFFCH component decreased by 3.5%. With regards to scale efficiency, we note that its value 
is much closer to one indicating that the scale efficiency has likely stagnated. Also, Table 2 demonstrates that 
the total factor environmental productivity has significantly declined between 2013 and 2014. 
Table 2. Average Productivity and Its Components 
Year MLPI EFFCH TECHCH SECH 
2009–2010 1.0138 1.0128 1.0070 0.9941 
2010–2011 0.9969 0.9177 1.0733 1.0122 
2011–2012 1.0258 0.9937 1.0392 0.9934 
2012–2013 1.0328 0.9804 1.0585 0.9950 
2013–2014 0.9508 0.9243 1.0267 1.0018 
Average 1.0036 0.9650 1.0407 0.9992 
Note. MLPI = Malmquist–Luenberger productivity index; EFFCH = efficiency change; TECH = technical change; SECH = 
scale efficiency change. 
Thereafter in Table 3, we report the cumulative MLPI indices and their decompositions from 2009 to 2014. As 
depicted here, eight countries (Cyprus, Slovenia, Croatia, Macedonia, Serbia, Israel, Jordan, and Tunisia) 
experienced productivity growth on average. Croatia attained the highest productivity growth rate (3.74%) 
followed by Slovenia (3.62%). As a matter of fact, the energy efficiency in Croatia is guided by incentives for 
investments into energy-efficient products through diverse environmental taxes, including pollution fees and 
environmental user fees. In addition, productivity growth in Slovenia was the result of energy efficiency 
subsidies and efforts to move toward the green tax reform. Also, six countries experienced productivity 
declines on average with Libya (16.57%) having the lowest productivity growth rates. A possible explanation of 
this result is the Libyan civil war in 2011 which led to a much more significant decline of GDP than that of 
emissions. 
As the MLPI is a multiplicative composite of EFFCH, TECH, and SECH, the main source of productivity 
improvements can be established by comparing the values of these indexes. In other words, the productivity 
increase can be the result of efficiency improvement or technological progress or scale efficiency increase or 
all of them. On the basis of decomposition of the productivity growth rate, findings above show that technical 
change is the main component of productivity increase. For example, Slovenia’s environmental productivity 
growth was the result of 0.89% efficiency gain and 2.73% technological gain. While the productivity growth in 
Croatia was the result of 0.67% efficiency gain, 3.01% technological progress and 0.03% scale efficiency 
improvement. However, Libya experienced a technological improvement of 1.29% but, this rate was 
insufficient to enhance the environmental productivity.  
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Table 3. Average MLPI by Country From 2009 and 2014 
Country MLPI EFFCH TECH SECH 
Cyprus 1.0067 1.029 0.9876 0.9906 
Slovenia 1.0362 1.0089 1.0273 0.9997 
Albania 0.9977 0.9466 1.0491 1.0046 
Bosnia and Herzegovina 0.9697 0.9827 0.9878 0.999 
Croatia 1.0374 1.0067 1.0301 1.0003 
Macedonia 1.0112 0.9914 1.0245 0.9956 
Serbia 1.0144 0.9368 1.0707 1.0113 
Israel 1.0140 0.9258 1.0610 1.0013 
Jordan 1.0026 0.9812 1.0281 0.9938 
Palestine 0.9709 0.8936 1.1166 0.9731 
Syria 0.9589 0.8695 1.0966 1.0057 
Libya 0.8343 0.8215 1.0129 1.0027 
Morocco 0.9995 1.004 1.0023 0.9931 
Tunisia 1.012 0.9839 1.0371 0.9918 
Note. MLPI = Malmquist–Luenberger productivity index; EFFCH = efficiency change; TECH = technical change; SECH = 
scale efficiency change. 
To test the difference between the MLPI and its components, we use the nonparametric Kruskal–Wallis test. 
The results of the test are given in Table 4, which indicates that there is no significant difference between the 
MLPI and its components.  
Table 4. Kruskal–Wallis Test Result for the Malmquist–Luenberger Productivity Index (MLPI) 
and Its Components 
MLPI EFFCH TECH SECH 
2 13 13 13 
p 0.3690 0.3690 0.3690 
Note. EFFCH = efficiency change; TECH = technical change; SECH = scale efficiency change. 
Conclusion 
In this study, the levels of environmental productivity for Mediterranean countries over the period of 2009–
2014 were studied using the MLPI. The main contribution of this article is the use of this approach in the 
context of Mediterranean countries. Findings indicate that the total factor environmental productivity has a 
negative developmental trend. This shows that clean energy targets in the Mediterranean region were 
unstable.  
The decomposition of MLPI into its components showed that the improvements due to technological change 
have been significant, whereas the improvements due to changes in the EFFCH and SECH have been modest. 
Hence, we can conclude that future growth in Mediterranean countries will depend on a considerable effort on 
research and development to optimize the potential for technical development. Research and development is 
essential to develop and test new equipment and system development in the energy sector. 
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In order to improve the total factor environmental productivity in the Mediterranean region, we suggest some 
policy measures. First, strengthen regional cooperation as a key tool for achieving a stable environmental and 
economic balance. Second, promote collaborative research among Mediterranean countries on aspects of 
technology and management. Third, induce industries with high CO2 emissions to reduce their emissions and 
to move toward clean production. Fourth, take advantage of natural resources in the Mediterranean region 
such as solar energy and wind to achieve a green growth. As an extension to this work, we suggest the use of 
the global MLPI as recommended by Emrouznejad and Yang (2016) to analyze the productivity of 
Mediterranean countries with infeasibility problems.  
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